Joint Channel Assignment and Power Allocation for Multi-UAV
  Communication by Zhou, Lingyun et al.
Joint Channel Assignment and Power Allocation for
Multi-UAV Communication
Lingyun Zhou, Xihan Chen, Mingyi Hong, Shi Jin and Qingjiang Shi
Abstract—Unmanned aerial vehicle (UAV) swarm has emerged
as a promising novel paradigm to achieve better coverage and
higher capacity for future wireless network by exploiting the
more favorable line-of-sight (LoS) propagation. To reap the
potential gains of UAV swarm, the remote control signal sent
by ground control unit (GCU) is essential, whereas the control
signal quality are susceptible in practice due to the effect of the
adjacent channel interference (ACI) and the external interfer-
ence (EI) from radiation sources distributed across the region.
To tackle these challenges, this paper considers priority-aware
resource coordination in a multi-UAV communication system,
where multiple UAVs are controlled by a GCU to perform certain
tasks with a pre-defined trajectory. Specifically, we maximize the
minimum signal-to-interference-plus-noise ratio (SINR) among
all the UAVs by jointly optimizing channel assignment and
power allocation strategy under stringent resource availability
constraints. According to the intensity of ACI, we consider the
corresponding problem in two scenarios, i.e., Null-ACI and ACI
systems. By virtue of the particular problem structure in Null-
ACI case, we first recast the formulation into an equivalent yet
more tractable form and obtain the global optimal solution via
Hungarian algorithm. For general ACI systems, we develop an
efficient iterative algorithm for its solution based on the smooth
approximation and alternating optimization methods. Extensive
simulation results demonstrate that the proposed algorithms can
significantly enhance the minimum SINR among all the UAVs
and adapt the allocation of communication resources to diverse
mission priority.
Index Terms—Unmanned aerial vehicle (UAV), adjacent chan-
nel interference (ACI), channel assignment, power allocation,
non-convex optimization.
I. INTRODUCTION
For the fifth-generation (5G) communication networks,
there is a urgent need to improve the system performance limit
to accommodate the ever increasing data traffic, which poses
very stringent requirements on both the radio resources and the
existing communication infrastructures [2]. With benefits such
as low cost, high maneuverability, and on-demand deployment,
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unmanned aerial vehicle (UAV) enabled communication serves
is very promising in achieving better coverage and higher ca-
pacity for future wireless network [3]–[6]. In particular, UAV
autonomous surveillance is regarded as the most promising
application in both civil and military fields, where a group of
UAVs cooperate with each other and perform inspection tasks
in a specific geographical area. The effective collaboration
among the UAVs in a swarm not only makes up for the
limited hardware capability of a single UAV, but also improves
the fault tolerance of the whole system, thereby making it
possible to complete missions in a cost-effective manner. Due
to these desirable features, the UAV swarm technology have
recently drawn considerable interests from the both academic
and industrial communities [7]–[9].
Depending on the role of UAVs in the entire network, two
different lines of research can be identified in the literature,
namely UAV-assisted communication and cellular-enabled
UAV communication. In UAV-assisted communication, UAVs
serve as new aerial communication platforms to provide ser-
vices for the terrestrial. To alleviate the performance bottleneck
caused by the “doubly near-far” phenomenon, the authors of
[10] invoked wireless power transfer (WPT) techniques in
the multi-UAV network, and considered the joint optimization
of trajectory and resource allocation to maximize the system
throughput, subject to both UAVs’ speed and energy neutrality
constraints. To provide remote terminals with connectivity
opportunities for hazard detection and disaster recovery, the
authors in [11] advocated the usage of a novel UAV relay
scheme to enhance the coverage and capacity of terrestrial
wireless networks. Furthermore, two emerging Internet of
Things (IoT) services, i.e., data collection and information
dissemination, were respectively enabled in the UAV network
[12], [13]. Specifically, the authors in [12] investigated an
optimal UAV trajectory to minimize the energy consumption
while collecting all the desired data from the ground users. To
enable a set of ground terminals to share the allotted spectrum
in the most effective fashion, the authors in [13] conceived a
novel cyclical multiple access (CMA) scheme according to the
variations of UAV trajectory, and investigated the fundamental
tradeoff between the dissemination delay and the system
throughput. Inspired by the need to accommodate latency-
sensitive and computation-intensive emerging applications, the
authors in [14] combined the mobile edge computation (MEC)
technique with the UAV network, and subsequently devised a
powerful resource allocation strategy to maximize the system
energy efficiency.
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Fig. 1: A multi-UAV communication scenario. The quality of
wireless link is affected by ACI and EI.
On the other hand, multi-UAV can be perfectly manipu-
lated by ground control units (GCUs) to perform their own
missions (e.g.,cargodelivery, video surveillance) in cellular-
enabled UAV communication system. In such a scenario,
the control signal reception of UAV is not only affected
by the quality of communication links, but also susceptible
to any potential interferences. Hence, fully exploring the
resource allocation and interference mitigation in cellular-
enabled UAV network can provide effective ways to improve
the communication performance. In particular, the authors in
[15] proposed a joint time-frequency scheduling and power
allocation design to guarantee the reliable signals reception
in the uplink transmission, where a number of UAVs are
controlled by a GCU to carry out missions. To minimize
the task execution time while ensuring the accurate infor-
mation retrieval with high probability, the authors of [16]
investigated the UAV trajectory optimization design, subject
to a minimum received SNR constraint, the UAVs initial and
final location constraints, as well as the maximum speed
constraint. Furthermore, the authors in [17] considered the
joint optimization of UAV-cell association and transmit power
control to maximize the network throughput, in the presence
of multicell interference caused by the increased line-of-sight
(LoS) air-to-ground channels. Meanwhile, the authors in [18]
proposed a novel interference cancellation strategy for the
uplink multi-antenna UAV communication system, where the
limited backhaul links among adjacent GCUs are fully utilized
to eliminate the UAVs uplink co-channel interference and
further maximize the network throughput.
However, to the best of our knowledge, some important
technical challenges have not been well investigated in the
existing literature. First, UAVs should correctly receive the
control signals and quickly follow the instructions from the
GCU, which further requires a reliable low-latency air inter-
face and vast communication resources. However, in practice
the available network resources are usually limited, which
further aggravates the potential interference in the communi-
cation system. In fact, the characteristics of various potential
interference for different missions can be quite different. As
such, it is imperative to devise an efficient resource allocation
strategy based on the distinctive characteristics of different
interference, thereby enabling more efficient and reliable data
transmission. Finally, most missions can be divided into sev-
eral different sub-tasks according to the diverse functionality
requirements, and different sub-tasks allocated to each UAV
have various priorities. Hence, it is essential to take the
priorities of different sub-tasks into account when conceiving
the resource coordination strategies in the multi-UAV network.
Motivated by the above concerns, this paper conceives
priority-aware resource allocation strategy for the efficient
control and reliable communication in a multi-UAV com-
munication network, where a GCU controls multiple UAVs
through a limited number of frequency bands to perform
some tasks with a pre-defined trajectory. As illustrated in
Fig. 1, the quality of wireless communication link between
GCU and each UAV is not only affected by adjacent channel
interference (ACI) but also by external interference (EI) from
radiation sources. The goal of this paper is to jointly design
channel assignment and power control to reduce the impact of
interference and improve the quality of control signals. It is
quite challenging to globally solve the resultant optimization
problem, due to the highly non-convex and non-smooth nature
of objective function, as well as the intricately coupled con-
straints. The main contributions of this paper are summarized
as follows:
• We present the basic model for a multi-UAV commu-
nication system. A max-min-fairness problem is then
formulated to improve the quality of the received signals
by joint channel assignment and power allocation under
stringent resource availability constraints. According to
the intensity of ACI, we consider the corresponding
problem in two scenarioes, i.e., Null-ACI and ACI com-
munication systems.
• By exploiting the special structure of Null-ACI case, we
first recast this non-convex and non-smooth optimization
problem into an equivalent but more tractable form. We
then propose a joint optimization algorithm to obtain its
global solution based on Hungarian method [19].
• For general ACI system, we first transform the original
problem into a compact form, and develop an efficient
iterative algorithm for its solution based on the smooth
approximation and alternating optimization methods.
• We perform extensive experiments under various pa-
rameter configurations. Numerical results clearly show
the efficacy of the proposed algorithm, whilst providing
some fundamental understanding and design guidelines
for multi-UAV communication system.
The reminder of this paper is organized as follows. Section
II describes the multi-UAV communication model and for-
mulates the resource allocation problem of interest. Section
III considers a special scenario and proposes an efficient
algorithm to obtain the global optimal solution. In Section IV, a
low-complexity iterative joint channel assignment and power
allocation algorithm is proposed for reliable communication
with ACI system. The simulation results are provided in V.
Finally, this article is concluded in Section VI.
Notations: Throughout this paper, scalars are denoted by
lower case or italic letters, vectors are denoted by boldface
lower case, and matrices are denoted by boldface upper case
letters. The space of M × N real matrices is expressed as
RM×N . For a matrix A, AT , A−1 and λmax(A) denote its
transpose, inverse, and the maximum eigenvalue, respectively.
II. SYSTEM MODEL
A. Network Architecture and Channel Model
As shown in Fig. 2, we consider an uplink wireless UAV
communication scenario where a GCU controls multiple UAVs
to perform certain task with a pre-defined trajectory. In such
a scenario, the GCU first assigns channels to UAVs from
a set of limited frequency bands and then sends control
signals to multiple UAVs at each time slot. Meanwhile, UAVs
periodically feed back their information so that the GCU can
not only acquire three-dimensional (3D) flight coordinates,
but also perceive channel state information (CSI) of UAV
swarm. We use K , {1, . . . ,K} to denote the set of UAVs,
N , {1, . . . , N} the set of communication channels, and
S , {1, . . . , S} the set of time slots. We assume that the
length of time slot is chosen to be sufficiently small such that
the UAV’s location remains unchanged within every time slot.
In this paper, we consider two kinds of interference sources
to distinguish different transmission scenarios. First, multiple
UAVs are likely to occupy adjacent channels simultaneously
due to the shortage of spectrum resources in practice. Conse-
quently, owing to the limited performance of receiver filters,
it inevitably results in the ACI, which may cause undesired
influence on the reliable communication between UAVs and
the GCU [20]. For example, a GCU simultaneously sends
control signals to UAV k and m via adjacent channels, ds,k
and ds,m are the distance between the GCU and two UAVs
at time slot s, respectively. If ds,k > ds,m, the high power
signals for UAV k would leak into adjacent channels and
interfere with the communication between the GCU and UAV
m. Second, we consider that the EI also possibly exists due
to the radiation sources (e.g., eavesdroppers, enemy radar,
and many others.) distributed across the region (in which the
planed UAVs’ trajectory is located) and its intensity highly
depends on the number, type, and location. In such a scenario,
it is important to devise efficient resource allocation strategies
based on the distinctive characteristics of different interference
sources, thereby enabling more efficient and reliable data
transmission for carrying out the task.
In the sequel, we elaborate the ACI model. First, we
introduce µf1f2 to characterize the interference correlation
Fig. 2: A GCU controls multiple UAVs to perform some tasks
with a pre-defined trajectory. Each UAV is assigned with only
one channel, and different UAVs access different channels.
between the two spectrums specified by f1 and f2, which
strictly satisfies the following properties:
0 ≤ µf1,f2 ≤ 1, µf1,f2 = µf2,f1 ,
µf1,f2 = 1, if |f1 − f2| = 0,
µf1,f2 → 0, if |f1 − f2| → ∞,
(1)
where µf1,f2 = µf2,f1 indicates the symmetric property of
interference correlation coefficients, |f1 − f2| = 0 implies
that two UAVs simultaneously occupy the same channel, and
|f1−f2| → ∞ shows that the channel f1 and f2 are sufficiently
separated. Note that the interference correlation coefficient
µf1f2 is proportional to the intensity of ACI and can be
measured in practical systems [15].
Since obstacles surrounding the GCU may have irregular
shapes and random locations, the wireless channel from the
GCU to the UAV are dominated by either LoS or non-line-of-
sight (NLoS) propagation [21], [22]. Specifically, the path loss
exponent of NLoS link ηL is usually higher than that of LoS
link ηN due to shadow effects and the obstacle penetration,
corresponding to the less favorable propagation in the ground-
to-air communication. Accordingly, the path loss between the
GCU and UAV k for the LoS and NLoS at time slot s are
given by [1]
PLs,k(η) = 20 lg (fs,k) + 20 lg (ds,k) + 32.4 + η (2)
with η ∈ {ηL, ηN}, fs,k ∈ {f1, f2, . . . , fN} represents the
channel assigned to UAV k at time slot s and ds,k denotes the
distance between the UAV swarm and GCU. Consequently, the
channel gain between the GCU and UAV k on the channel fs,k
at time slot s can be expressed as
gs,k(η) =
1
PLs,k(η)
= cs,k(η)f
−2
s,k (3)
with cs,k(η) , 10−32.4−η × d−2s,k.
The uplink transmission power of the GCU for UAV k at
time slot s is denoted by ps,k, which is subject to the power
budget constraint
∑K
k=1 ps,k ≤ Pmax, ∀s with Pmax being the
maximum available transmission power of the GCU. For the
sake of notational simplicity, we introduce a binary variable
ans,k serving as the scheduling indicator for channel n and
UAV k at time slot s, i.e., ans,k = 1 if channel n is assigned to
UAV k at time slot s and ans,k = 0 otherwise. Note that since
the available frequency spectrum is usually limited in practice,
we assume that in each time slot, each UAV only occupies one
channel, while each channel is only assigned to at most one
UAV. Such a requirement yields the following constraints:
K∑
k=1
ans,k ≤ 1, ∀n ∈ N , ∀s ∈ S, (4)
N∑
n=1
ans,k = 1, ∀k ∈ K, ∀s ∈ S, (5)
ans,k ∈ {0, 1}, ∀k ∈ K,∀n ∈ N , s ∈ S. (6)
Based on the above discussion, we can respectively rewrite
f−2s,k in (3) and µfs,kfs,m in (1) as
∑N
n=1 a
n
s,kf
−2
n and∑N
n=1
∑N
j=1 a
n
s,ka
j
s,mµfnfj for ease of exposition. Let A ,{
ans,k|s ∈ S, k ∈ K, n ∈ N
}
∈ RS×K×N denote the channel
assignment matrix at the GCU over the whole flight duration
and P , {ps,k|s ∈ S, k ∈ K} ∈ RS×K denote the aggregate
power allocation matrix. Using the above notations, the re-
ceived signal-to-interference-plus-noise ratio (SINR) at UAV
k in the presence of ACI and EI at time slot s is defined in
(7) as displayed at the bottom of this page, where σ2s,k,fn is
the power of the EI plus the additional white Gaussian noise
(AWGN) on the channel fn at UAV k in time slot s. The first
term in the denominator of (7) stands for the ACI caused by
the transmissions of all the other UAVs at time slot s. Hence,
the average received SINR of UAV k over the S time slots
can be expressed γk(A,P) = 1S
∑S
s=1 γs,k(A,P).
B. Problem Formulation
It is readily seen that, the higher the SINR is, the better the
communication quality of the UAV network can be achieved.
Hence, it is expected to keep the SINR levels of all UAVs as
high as possible. Motivated by this, we adopt the max-min-
fairness objective in order to improve the worst average SINR
among all UAVs by jointly optimizing the channel assignment
(i.e., A) and power allocation (i.e., P) over the whole flight
duration, under some practical constraints. Moreover, we in-
troduce a weight factor αk for prioritizing UAV ks mission.
Considering all time slots, the overall problem formulation
considered in this paper can be mathematically formulated as
max
A,P
min
k
αkγk(A,P) (8a)
s.t.
K∑
k=1
ans,k ≤ 1, ∀n ∈ N , ∀s ∈ S, (8b)
N∑
n=1
ans,k = 1, ∀k ∈ K, ∀s ∈ S, (8c)
ans,k ∈ {0, 1}, ∀k ∈ K,∀n ∈ N , s ∈ S (8d)
K∑
k=1
ps,k ≤ Pmax, ∀s ∈ S, (8e)
0 ≤ ps,k, ∀k ∈ K, ∀s ∈ S. (8f)
Note that there are several challenges in solving problem (8)
optimally, elaborated as follows. First, the channel assignment
matrix A and the power allocation matrix P are intricately
coupled in the objective function, due to the presence of ACI.
Second, the max-min fairness utility renders problem non-
differentiable and non-convex. Moreover, the channel assign-
ment indicator ans,k is a discrete binary variable, which makes
the feasible-set non-convex. In short, we are faced with a
mixed-integer nonlinear programming (MINP) problem, which
is usually considered as NP-hard. In the next two sections, we
propose two efficient algorithms to solve problem (8) in the
Null-ACI and ACI cases, respectively.
III. EFFICIENT RESOURCE ALLOCATION FOR NULL-ACI
SYSTEM
In this section, we assume that there is no ACI in the
considered multi-UAV system. This assumption is reasonable
when the hardware capabilities of UAVs’ transceiver are strong
or the interference source is dominated by the EI so that
the ACI can be neglected without significant performance
loss as in many existing works [10]–[12]. By stipulating
this assumption, we here focus on considering the efficient
resource allocation for Null-ACI system. Such problem is also
meaningful in the sense that it can give an upper performance
bound for the which will be elaborated in Section IV.
In the absence of the ACI, it immediately follows from
(7) that the received SINR of UAV k at time slot s can be
γs,k(A,P) =
N∑
n=1
ans,kps,kcs,kf
−2
n
N∑
n=1
N∑
j=1
K∑
m 6=k
ans,ka
j
s,mµfnfjps,mcs,kf
−2
j +
N∑
n=1
ans,kσ
2
s,k,fn
(7)
expressed as
γnulls,k (A,P) =
N∑
n=1
ans,kps,kcs,kf
−2
n
N∑
n=1
ans,kσ
2
s,k,fn
. (9)
Therefore, the resulting joint channel assignment and power
allocation problem is given by
max
A,P
min
k
1
S
S∑
s=1
αkγ
null
s,k (A,P) (10a)
s.t. (8b), (8c), (8d), (8e), (8f). (10b)
Note that problem (10) cannot be directly solved due to
the accumulation of the received SINR of each UAV across
the different time slots and the resulting multiple fractional
coupling. However, it can be observed that prioritized received
SINR of each UAV at the specific time slot is independent
of that in different time slot, which allows decomposing the
complicated overall problem (10) into a series of parallel
subproblems across different time slot. As a result, we only
need to focus on the joint optimization of channel assignment
and power allocation in each time slot, which leads to the
following optimization problem:
max
As,ps
min
k
αkγ
null
s,k (As,ps) (11a)
s.t.
K∑
k=1
ans,k ≤ 1, ∀n ∈ N , (11b)
N∑
n=1
ans,k = 1, ∀k ∈ K, (11c)
ans,k ∈ {0, 1}, ∀k ∈ K,∀n ∈ N , (11d)
K∑
k=1
ps,k ≤ Pmax, (11e)
0 ≤ ps,k, ∀k ∈ K, (11f)
where As , [as,1,as,2, . . . ,as,K ] ∈ RN×K denotes the chan-
nel assignment matrix with as,k ,
[
a1s,k, a
2
s,k, . . . , a
N
s,k
]T
, and
ps , [ps,1, . . . , ps,K ]T represents the power allocation vector
at time slot s. Next we develop a semi-closed form solution
to this problem. Before presenting the solution, we need the
following lemma:
Lemma 3.1: In each time slot, the prioritized received SINR
of all UAVs are equal at the optimal point of problem (11),
i.e.,
αkγ
null
s,k = αmγ
null
s,m , ∀m, k ∈ K. (12)
Proof 3.1: The key observation is that at the optimal
solution, all prioritized SINR are equal. We can prove this
by contradiction. Assume that at the optimal solution, there is
at least one UAV k that has a higher prioritized SINR than
that of others. Let γ∗s define the minimum prioritized SINR
at the optimal point. Since αkγnulls,k is a continuous increasing
function in ps,k, we can construct a new solution by reducing
ps,k while maintaining that αkγnulls,k > γ
∗
s , and increasing the
uplink transmission power of the GCU for all the other UAVs
to improve the prioritized SINR. Then, we have αmγnulls,m > γ
∗
s ,
∀m and the constructed solution is better than the optimal
solution, which contradicts with our previous assumption. As
a result, at the optimal solution all prioritized received SINR
of different UAVs in the particular time slot are equal, and
thus we have
αkγ
null
s,k = γs, ∀k ∈ K, (13)
where γs is the common prioritized received SINR for all
UAVs at time slot s.
Based on Lemma 3.1, the uplink transmission power al-
located to UAV k at time slot s for any given value of the
common prioritized received SINR can be expressed as
ps,k = γs
N∑
n=1
ans,kσ
2
s,k,fn
αk
N∑
n=1
ans,kcs,kf
−2
n
. (14)
Note that the objective min
k
αkγ
null
s,k (As,ps) is monotonically
increasing with respect to the uplink transmission power ps
at time slot s, it can be concluded that the optimal (A∗s,p
∗
s)
that maximizes min
k
αkγ
null
s,k (As,ps) must be a solution to∑K
k=1 ps,k = Pmax, i.e. the power budget constraint becomes
a strict equality. Consequently, we have
γs =
(
K∑
k=1
N∑
n=1
ans,kσ
2
s,k,fn
αk
N∑
n=1
ans,kcs,kf
−2
n
)−1
Pmax. (15)
Substituting (14)-(15) into αkγnulls,k , the joint channel assign-
ment and power allocation problem (11) reduces to a simple
channel assignment problem, which is more amenable to
optimization and can be represented as
min
As
K∑
k=1
N∑
n=1
ans,kσ
2
s,k,fn
αk
N∑
n=1
ans,kcs,kf
−2
n
(16a)
s.t. (11b), (11c), (11d). (16b)
Note that in each time slot, each UAV only occupies one
channel. In other words, only one element of as,k ,
[a1s,k, · · · , aNs,k]T is non-zero. As such, problem (16) can be
further simplified into the following equivalent form:
min
As
K∑
k=1
N∑
n=1
ans,k
σ2s,k,fn
αkcs,kf
−2
n
(17a)
s.t. (11b), (11c), (11d). (17b)
Here, we let Φs ∈ RN×K be the prioritized channel
quality (PCQ) matrix at time slot s for a given set of UAVs
and channels, whose (n, k)-th entry φns,k stands for the PCQ
indicator when UAV k is assigned with channel n at time slot
s and can be specialized as
[Φs]n,k = φ
n
s,k =
σ2s,k,fn
αkcs,kf
−2
n
. (18)
Specifically, φns,k will be used here as a measure of the
preference given by the network to UAV k in assignment of
channel n. That is, a UAV with a smaller value of parameter
φns,k will have higher priority to be allotted with channel n.
Considering (18), a UAV with a higher priority αk, larger
channel power gain cs,k or smaller EI variance σ2s,k,fn will
be given a higher preference to occupy channel n. Using
the above notations, the objective function in (17) can be
equivalently represented as min
As
∑K
k=1
∑N
n=1 a
n
s,kφ
n
s,k. It is not
difficult to see that the problem (17) is a linear assignment
problem, which can be efficiently solved in polynomial time by
using Hungarian algorithm [19]. The main idea of Hungarian
algorithm is to manipulate the objective matrix by adding or
subtracting the elements of each row or column until there is
at least one zero element in different rows and columns, and
then the optimal channel assignment strategy is determined
according to the location of zero elements. Specifically, the
implementation details of Hungarian algorithm for solving
problem (17) are elaborated below:
Step 1: Row reduction: for each row n = 1, 2, . . . , N of PCQ
matrix Φs, φns,k = φ
n
s,k −min
{
φns,k|n = 1, 2, . . . , N
}
.
Step 2: Column reduction: for each column k = 1, 2, . . . ,K
of Φs, φns,k = φ
n
s,k −min
{
φns,k|k = 1, 2, . . . ,K
}
.
Step 3: Check whether the optimal channel assignment strat-
egy can be achieved by covering all zero elements with a
minimum number of vertical and horizontal lines. If the
number of lines is equal to the order of Φs, an optimal
set of assignment is obtained, and proceed to step 5.
Otherwise, go to next step.
Step 4: If the number of lines needed to cover zero elements is
less than the order of Φs, transform Φs in the following
way:
a. Subtracts the minimum element of each row from
the uncovered rows.
b. Add the minimum element of each column from the
covered columns.
Repeat Steps 3 and 4 until an optimal set of channel assign-
ment is obtained.
Step 5: Start with the simple case (a row or column with
only one zero element), and cross out both the row and
column involved after this channel assignment is finished. As
a result, the position of the zero element at the intersection
of the crossed out rows and columns is the corresponding
optimal channel assignment strategy. Then continue to perform
channel assignment to the remaining rows and columns, with
preference to such row or column that has fewer zeros. Repeat
the process until all the rows and columns have been crossed
out. Finally, the optimal channel assignment matrix As is
produced.
After obtaining the optimal channel assignment an,∗s,k , it
immediately follows from (15) that the optimal common
prioritized received SINR for all UAVs at time slot s can be
specialized as
γs =
[ K∑
k=1
σ2s,k,f∗n
αkcs,k(f∗n)−2
]−1
Pmax. (19)
Plugging (19) into (14), we can obtain the corresponding
uplink transmission power allocated to UAV k at time slot
s, which is given by
p∗s,k = γs
σ2s,k,f∗n
αkcs,k(f∗n)−2
. (20)
The basic idea of the proposed Hungarian-based algorithm
is to convert the complicated max-min optimization problem
into a series of simple matching subproblems that can be
easily solved. It is worth pointing out that this algorithm
leads to the globally optimal solution of problem (17) since
the obtained channel assignment strategy is optimally chosen
from all possible spectrum access schemes. For any given
PCQ matrix Φs of dimension N × K, the computational
complexity of the proposed Hungarian-based algorithm is
O (K2N). Note that since the number of UAVs in practice is
usually less than that of the available communication channels
in each time slot, i.e., K < N , the proposed Hungarian-
based algorithm can achieve a optimal performance without
excessive computational complexity.
IV. EFFICIENT RESOURCE ALLOCATION FOR ACI
SYSTEM
In the previous section, we investigate a special case without
consideration of ACI in the uplink multi-UAVs communication
system, which greatly simplifies the optimization problem.
In this section, we investigate a general scenario in the
presence of the considerable ACI due to the limited hardware
capability of UAV, where the channel assignment and power
allocation are jointly optimized to combat the interference.
Specifically, we first transform problem (8) into a compact
yet more enunciable matrix form, and subsequently propose a
powerful iterative algorithm for its solution based on smooth
approximation and alternating optimization methods.
A. Problem Transformation
For ease of exposition, we introduce some shorthand nota-
tions to rewrite problem (8) into a matrix form. The aggregate
EI matrix is denoted by Σs ,
[
σs,1,σs,2, . . . ,σs,K
]T ∈
RK×N , where σs,k ,
[
σ2s,k,f1 , σ
2
s,k,f2
, . . . , σ2s,k,fN
]T
repre-
sents the power of EI on each channel of UAV k at time slot
s. Furthermore, we collect the ACI coefficients in a symmetric
matrix W ∈ RN×N , where the (i, j)-th entry of W is given
by Wi,j , µfifj . In addition, let cs , [cs,1, · · · , cs,K ]T denote
the composite channel gain vector between the GCU and UAV
swarm, and f , [f−21 , · · · , f−2N ]T .
Now we are ready to rewrite (7). First, denote by ek an K-
dimensional unit column vector with the k-th element being
1. Then by the definitions of Σs and As, we clearly have
σs,k = Σ
T
s ek and as,k = Asek. Recall from (4)-(6) that
each UAV is assigned with only one channel at time slot s
(i.e., as,k ∈ {e1, · · · , eK}), we can further obtain
N∑
n=1
ans,kf
−2
n = f
Tas,k = f
TAsek,
N∑
n=1
N∑
j=1
ans,ka
j
s,mµfn,fj = a
T
s,kWas,m = e
T
kA
T
s WAsem,
N∑
n=1
ans,kσ
2
s,k,fn = σ
T
s,kas,k = e
T
kΣsAsek.
By using the above three identities and further noting ps,k =
pTs ek and cs,k = c
T
s ek, ∀k, (7) can be rewritten as γAs,k at
the bottom of this page. Consequently, problem (8) can be
equivalently rewritten as follows
max
A,P
min
k
1
S
S∑
s=1
αkγ
A
s,k(A,P) (22a)
s.t. Asek 6= Asem, ∀k,m ∈ K, ∀s ∈ S, (22b)
1TAsek = 1, ∀k ∈ K, ∀s ∈ S, (22c)
ans,k ∈ {0, 1}, ∀k ∈ K,∀n ∈ N ,∀s ∈ S, (22d)
1Tps ≤ Pmax, ∀s ∈ S, (22e)
0 ≤ ps,k, ∀k ∈ K, ∀s ∈ S. (22f)
As discussed in Section III, we can decompose problem
(22) into S independent subproblem across different time slot.
Hence, at each time slot s, we only need to solve the following
max-min fairness problem
max
As,ps
min
k
αkγ
A
s,k(As,ps) (23a)
s.t. Asek 6= Asem, ∀k,m ∈ K, (23b)
1TAsek = 1, ∀k ∈ K, (23c)
ans,k ∈ {0, 1}, ∀k ∈ K, ∀n ∈ N , (23d)
1Tps ≤ Pmax, (23e)
0 ≤ ps,k, ∀k ∈ K. (23f)
Note that the problem (23) is still a MINP problem. However,
it can be observed that the constraints are separable with
respect to the optimization variables As and ps. In what
follows, we propose an iterative algorithm to solve problem
(23) based on alternating optimization (AO). Specifically,
the proposed algorithm alternates between two steps until
convergence. In step 1, fixing ps we update As by using
gradient projection (GP) method. And in step 2, fixing As we
update ps by eigenvalue decomposition method. The details
of the proposed algorithm are elaborated as follow.
B. Channel Assignment Optimization
This subsection is devoted to describing how we perform
step 1 in our alternating algorithm, i.e., how to solve the
following problem with fixed ps
max
As
min
k
αkγ
A
s,k(As,ps) (24a)
s.t. (23b), (23c), (23d). (24b)
Note that, besides the binary variable constraint (23d), con-
straint (23b) further makes the above problem intractable. To
address the challenge arising from (23b), we deliberately set
the diagonal elements of the matrix W to be sufficiently large
(denoted by Wˆ) so as to increase the penalty when the same
channel is simultaneously assigned to two different UAVs.
It is seen that as the diagonal elements of W are getting
large, the term eTkA
T
s WAsem will drastically increase when
ek = em, which forces UAVs to access different channels
for achieving higher SINR. In this way, we can relax (23b)
without performance loss.
To make problem (24) more tractable, we relax the binary
variables in (23d) to the box constraint ans,k ∈ [0, 1]. Ulti-
mately, it can be obtained by rounding the optimization results
into 0-1 integers. However, we find from simulations that this
relaxation often leads to an undesirable numerical solution
(i.e., roughly equals 0.5). Under this setup, naive rounding
scheme would inevitably incur huge performance loss. In
addition, we also observe some counter-intuitive outcomes that
a smaller value of ans,k unexpectedly yields a larger SINR
γAs,k, which implies that UAV k without occupancy of channel
n at time slot s achieve better SINR performance instead.
The reason for this weird phenomenon is that the numerator
of SINR γAs,k has smaller order in As than that of the ACI
term in its denominator, and thus the denominator of SINR
γAs,k will suffer from faster attenuation as compared to its
numerator when the value of ans,k decreases. To address these
above challenges, we introduce an additional exponent to the
term eTkA
T
s Asek in the numerator of SINR γ
A
s,k while not
changing the physical meaning of (24). Recall from (23d) that
ans,k is a binary variable before relaxation, we have
(eTkA
T
s Asek)
τ = eTkA
T
s Asek, τ ≥ 1. (25)
When τ is sufficiently large, the numerator of γAs,k has larger
order of As than that of its denominator, consequently the nu-
merator of γAs,k will diminish at a faster speed as compared to
its denominator when the value of ans,k decreases. Accordingly,
problem (24) is finally relaxed to the following
max
As
min
k
fˆs,k(As) (26a)
s.t. 1TAsek = 1, ∀k ∈ K, (26b)
0 ≤ ans,k ≤ 1, ∀k ∈ K, ∀n ∈ N , (26c)
γAs,k(A,P)=
pTs ekc
T
s ekf
TAsek∑
m 6=k
eTkA
T
s WAsemp
T
s emc
T
s ekf
TAsem+eTkΣsAsek
. (21)
where
fˆs,k(As),
αkps,kc
T
s ekf
TAsek
(
eTkA
T
s Asek
)τ∑
m 6=k
eTkA
T
s WˆAsemps,mcTs ekfTAsem+e
T
kΣsAsek
with τ being some integer. The earlier work in [15] proves
that the algorithm can achieve better numerical results with
properly selected τ , which is also verified by the simulation
in Section V.
Now the difficulty remains to be in the non-smooth part
of the objective function in (26a). To address this issue, we
hereby apply the smooth approximation to the objective of
problem (26), using the following lemma.
Lemma 4.1: According to the smooth approximation method
in [23], the following inequality holds true
max {x1, . . . , xK} ≤ f(x) ≤ max {x1, . . . , xK}+ µ logK,
(27)
where
f(x)=µ log
(
K∑
k=1
exp
(
xk
µ
))
, (28)
along with a sufficiently small positive constant µ > 0. Then
we have
f(x) ≈ max {x1, . . . , xK} . (29)
According to Lemma 4.1, we have the following approxi-
mation
−min {x1, . . . , xK}=µ log
(
K∑
k=1
exp
(−xk
µ
))
,
Therefore, we have
fs,µ (As) , µ log
K∑
k=1
exp
(
−fˆs,k (As)
µ
)
≈ −min
{
fˆs,1 (As) , . . . , fˆs,K (As)
}
.
(30)
Using (30), we can approximate problem (26) as follows
min
As
fs,µ(As) (31a)
s.t. 1TAsek = 1, ∀k ∈ K, (31b)
0 ≤ ans,k ≤ 1, ∀k ∈ K, ∀n ∈ N . (31c)
Note that since the projection onto the simple constraint
space can be easily calculated [24]–[26], we hereby apply
the GP method to solve problem, mainly consisting of three
computational steps. Specifically, the first step is to obtain a
temporary solution A¯s by calculating the gradient of function
fs,µ(As) with respect to As, followed by projecting this
solution A¯s onto the constraint space ΩAs of problem (31)
to derive the next solution in the second step. In the third
step, we obtain the optimal solution A∗s by search in the
opposite direction Aprojs − As with a properly chosen step
size α. The detailed update procedure are summarized in
Algorithm 1, where PΩAs (X) refers to the projection of X
onto ΩAs . Moreover, the convergence characteristics of the
Algorithm 1 Proposed Gradient Projection Algorithm for
problem (31)
1: Initialize As. Define the tolerance of accuracy 3 and the
maximum iteration number T1,max.
2: repeat
3: Calculate the gradient to obtain the temporary solution:
A¯s = As −∇Asfs,µ(As)
4: Calculate the projections:
Aprojs = PΩAs
(
A¯s
)
5: Update As according to the following
As ←− As + α
(
Aprojs −As
)
6: until the objective value of fs,µ(As) converges, or the
maximum iteration number is reached.
7: Round the results of As into 0-1 integers.
proposed GP method crucially depend on the choice of step
size α. In this paper, we adopt the modified Armijo step size
rule as suggested in [27]–[29]. With properly-chosen step size
α, the objective function value of fs,µ(As) is guaranteed to
monotionically decrease through the iterations from Line 3
to Line 5 in Algorithm 1. Once the iterations are finished,
the optimal channel assignment A∗s can be easily obtained by
respectively rounding their elements into 0-1 integers.
Remark 1: In practice, UAV usually does not switch channel
frequently in consideration of energy saving and signaling
overhead, thereby prolonging the endurance of UAV systems.
Toward this end, we can change the channel assignment
scheme from A∗s−1 to A
∗
s by simply observing whether the
corresponding minimum SINR improvement is larger than a
predefined handover threshold θ. For example, we set θ = 20%
and perform channel handover if a 30% minimum SINR im-
provement is made. Otherwise, the channel assignment scheme
remains invariant within time slot s. In practice, the predefined
handover threshold θ should be appropriately tuned to achieve
a favorable trade-off between performance improvement and
signaling overhead.
C. Power Allocation Optimization
In this subsection, we show how to solve problem (23) for
ps while fixing As. For given As, problem (23) is reduced to
max
ps
min
k

ps,kbs,k,k
K∑
m 6=k
ps,mbs,k,m + σ2s,k
 (32a)
s.t. (11e), (11f). (32b)
where bs,k,m’s are all constants, which can be easily calculated
based on (21) with the fixed As. Following the similar
approach in [30], we can globally solve the above problem
by resorting to eigenvalue decomposition. Specifically, let
δs , ps,kbs,k,kK∑
m6=k
ps,mbs,k,m+σ2s,k
be the objective value in (32a) and
Algorithm 2 Proposed Alternating Optimization Algorithm
for problem (23)
1: Initialize p0s, A0s, and define the maximum iteration
number T2,max. Set t1 = 0.
2: repeat
3: Apply Algorithm 1 with input pt1s to A
t1+1
s as elabo-
rated in Section IV-B.
4: Solve problem (32) via eigenvalue decomposition for
given At1+1s , and let p
t1+1
s = p
∗
s .
5: Update t1 = t1 + 1.
6: until the objective value converges, or the maximum
iteration number is reached.
define zs , [ps,1, . . . , ps,K , 1]T ,
Cs ,
[
IK×K 0K×1
11×K −Pmax
]
, Bs ,
[
Rs,K×K hs
01×K 0
]
,
with
Rs =

bs,k,m
bs,k,k
, k 6= m
0 , k = m
, hs =
[
σ2s,1
bs,1,1
, . . . ,
σ2s,K
bs,K,K
]T
.
Note that although (11e) is an inequality constraint, the objec-
tive value of (32a) is monotonically increasing with respect to
the uplink transmission power ps at time slot s, consequently
we can conclude that the (32) must satisfy the solution of∑K
k=1 ps,k = Pmax, i.e., all the available transmit power of
the GCU is applied to deliver useful information at each time
slot. Based on the above discussions, the constraint of problem
(32) can be rewritten as
Cszs = δsBszs. (33)
Considering that Cs is nonsingular, we further have
1
δs
zs = C
−1
s Bszs, (34)
where 1δs is the eigenvalue of the non-negative matrix C
−1
s Bs,
and zs is the corresponding eigenvector. According to the
property of non-negative matrix [30], both the largest eigen-
value and its corresponding eigenvector are positive, which
indicates that constraint (11e) is automatically satisfied. Based
on Theorem 2 in [30], it follows that all prioritized SINR
of different UAVs are equal at the optimal power allocation
scheme, and the value of optimal prioritized SINR is the
reciprocal of the largest eigenvalue of C−1s Bs. Consequently,
we have
δs =
1
λmax(C
−1
s Bs)
, (35)
where λmax(·) denotes the maximum eigenvalue of a matrix.
Then we can scale the corresponding eigenvector zs so that
the last element is normalized to one. Accordingly, the first
K elements of zs constitute the optimal solution of problem
(32), denoted by p∗s .
D. Overall Description and Computation Complexity
Based on the above steps, we summarize the proposed AO
algorithm in Algorithm 2. Specifically, in each iteration, the
channel assignment As and power allocation ps are alternat-
ingly optimized with the other fixed. As a result, problem (31)
or (32) can be solved correspondingly. Moreover, the initial
value of the next iteration is the result of this step, until the
objective value converges.
Next, we are devoted to analyzing the computation com-
plexity of the proposed AO algorithm in terms of the number
of floating point operations (FPOs). In each iteration of this
algorithm, we solve the subproblems for the two blocks of
variables sequentially.
1) Let us focus on the subproblem with respect to As.
Notwithstanding the computation of the invariant term,
the complexity of updating As is dominated by the
gradient calculation of objective function fs,µ and is
given by O(T1N2K2), where T1 is the number of
iterations required by Algorithm 1.
2) Next, we turn attention to the subproblem with respect
to ps, which is dominated by two parts. The first part
calculates the matrix inversion of Cs based on the Gaus-
sian Jordan elimination with complexity O((K + 1)3).
The second part performs the eigenvalue decomposition
of C−1s Bs with complexity of O((K + 1)3). Thus the
overall computational complexity for updating ps is
given by O((K + 1)3).
Based on the above analysis, the overall computational
complexity of the proposed AO algorithm can be expressed
as O((N2K2T1 + (K + 1)3)T2), where T2 is the number of
iterations required by the proposed AO algorithm.
V. NUMERICAL RESULTS
This section presents numerical simulations to validate
the effectiveness of the proposed algorithm and draw some
essential insights. In the simulation, we consider a multi-UAV
enabled mission execution scenario where the UAV swarm
flies at the altitude of H = 500 m with a predefined trajectory
and maintains communication with the GCU. Furthermore, the
location of the GCU and destination are set to x0 = (0, 0, 0)
and xD = (1000, 0, 0), respectively. For simplicity, we assume
that the UAV formation keeps the maximum flight speed
Vmax = 50 m/s [31], and each time slot is 1 s. Hence,
the whole flight duration for completing the mission is 20
s. The additional pass loss for LoS link and NLoS link are
respectively set as ηL = 3dB and ηN = 23dB. There are
L radiation sources randomly distributed across the region
of 2 × 2 km2, and their interference power is set to about
σ2s,k,fn = −10 dBm. Moreover, the maximum transmission
power of the GCU is set to Pmax = 30 dBm [32], and the
available channels are modeled as fn = F + n×4f , where
F = 500 MHz refers to the baseline carrier frequency and
4f = 5 MHz represents the channel interval. For the ACI
coefficients µf1,f2 , we use the existing practical experimental
results of [33] to set ACI coefficients matrix W. For simplicity,
Algorithm 3 Proposed Greedy Selection Algorithm for Null-
ACI system
1: Initialize t2 = 1, ξs = 0.
2: for t2 = 1 to K do
3: Select (n∗, k∗) = arg min
n∈N ,k∈K
φns,k in the PCQ matrix Φs.
4: Record the optimal selection strategy: (n∗, k∗).
5: Compute ξs = ξs + min
n∈N ,k∈K
φns,k.
6: Update N , N \ {n∗}.
7: Update K , K \ {k∗}.
8: end for
9: Compute the optimal SINR value: γs =
Pmax
ξs
.
10: Compute the optimal power allocation:
p∗s,k = γs
σ2s,k,f∗n
αkcs,k(f∗n)−2
.
the weighted factor of each UAV αk is assumed to be between
0.8 and 1.5. Each element in the PCQ matrix is generated
according to (18) with the input of αk, σ2s,k,fn and fn.
A. Network Performance with Null-ACI system
We first investigate the performance of the proposed
Hungarian-based algorithm in Null-ACI system. We consider
the following two benchmark algorithms for comparison pur-
poses:
• Greedy Selection Scheme: The greedy selection (GS)
scheme is a heuristics algorithm, where the UAV is asso-
ciated with the communication channel at each time slot
according to the maximum PCQ criterion, i.e., choosing
the minimum element in Φs. Repeat the above procedure
until all UAVs in the swarm are associated with a
specific communication channel. The detail procedure is
summarized in Algorithm 3.
• Baseline Scheme 1: We remark that Baseline scheme
1 is different from the GS scheme in that each UAV
is randomly associated with the single communication
channel at each time slot [34]. Note that in each time
slot, each UAV only occupies one channel whilst each
channel is only assigned to at most one UAV .
Fig. 3 compares the communication performance of the
UAV swarm over the different flight phases for the different
schemes with different number of radiation sources L when
K = 12 and N = 21. It is observed that the communication
quality of each UAV declines gradually as the flight time
s increases. This is because the UAV formation gradually
moves away from the GCU after the mission starts, thereby
resulting in a less favorable propagation condition over the
time. When the number of radiation sources increases, the
intensity of EI accordingly enhances, and thus the minimum
SINR among UAVs at each time slot achieved by all schemes
gradually decreases. In addition, we notice that the proposed
Hungarian-based scheme outperforms all the other competing
schemes in the entire flight duration. For instance, the pro-
posed Hungarian-based scheme improves over the Baseline
Fig. 3: The minimum SINR among all the UAVs versus the
different flight phases for different schemes in the Null-ACI
system when K = 12 and N = 21.
Fig. 4: Average UAV SINR performance comparison under
different scenarios in the Null-ACI system.
scheme 1, by around 23% at time slot 20. The reason for
this outcome is that the proposed Hungarian-based scheme
can exploit the distinguishing features of different radiation
sources and communication channels to effectively suppress
the EI, while the other competing schemes do not take these
features into consideration.
In Fig. 4, we show the average UAV SINR performance
comparison for different schemes under various system pa-
rameters (i.e., the number of UAVs K and the number of
channels N ). For the sake of fairness, we assume that there
Fig. 5: The minimum SINR among all the UAVs versus the
different flight phases for different schemes in the ACI system
when K = 12 and N = 21.
are L = 5 radiation sources distributed across the region
with fixed locations. It shows that as more communication
channels become available for a fixed number of UAVs,
all the schemes considered can achieve better average UAV
SINR performance. On the contrary, the average UAV SINR
achieved by all the schemes will gradually deteriorate with the
increasing number of UAVs in the formation when the system
spectrum resource is limited. In addition, we can observe that
the proposed Hungarian-based algorithm achieves a significant
gain over the competing schemes, which demonstrates the
importance of the powerful channel assignment strategy. More-
over, as the number of communication channels increases,
the performance gap between the proposed Hungarian-based
scheme and the competing schemes becomes larger. Hence,
it appears that for multi-UAV network with more available
spectrum resources, our proposed Hungarian-based scheme
is particular appealing from an optimum resource allocation
perspective.
B. Network Performance with ACI system
Now, we report simulation experiments to evaluate the
performance of the proposed AO algorithm in ACI system. The
following three resource allocation schemes are also simulated
as benchmark for comparison purpose:
• Upper Bound: In this scheme, the ACI is assumed to be
null, and we adopt the proposed Hungarian-based algo-
rithm to obtain the optimal resource allocation strategy.
Moreover, the performance of this scheme can be served
as the performance upper bound for the ACI system.
• Baseline Scheme 2: This scheme consists of two steps.
Specifically, the first step is to use the same channel
assignment method as in the upper bound scheme, while
Fig. 6: Average UAV SINR performance comparison under
different scenarios in the ACI system.
in the second step, the uplink transmission power of GCU
is determined by the eigenvalue decomposition [1].
• Baseline Scheme 3: In this scheme, we randomly assign
a communication channel to each UAV in sequence [34].
Based on the channel assignment results, the uplink
transmission power of GCU is optimized through the
eignevalue decomposition.
Fig. 5 plots the communication performance of the UAV
swarm versus the different flight phases for different schemes
with different number of radiation sources L in the ACI system
when K = 12 and N = 21. Similar to Null-ACI network, it
is observed that as UAV swarm moves away from the GCU,
the network performance deteriorates gradually, owing to the
increased control signal attenuation. Besides, we notice that
there is a huge performance gap between the proposed AO
scheme and the upper bound at the beginning of carrying
out the mission. This is intuitive since the intensity of the
ACI is proportional to the distance between the GCU and
two UAVs in the adjacent channels, and its initial value
is particular high. This fact inevitably leads to the perfor-
mance degradation even with the aid of some interference
management techniques. Furthermore, it can be seen that the
minimum SINR performance achieved by the proposed AO
scheme is superior to that of baseline 2 and 3. This is because
the proposed AO scheme can make full use of the entire
network radio resources by leveraging the joint optimization
of power control and channel assignment, and further achieves
more preferable fairness among the UAVs in a swarm. Fig.
6 intuitively shows the average UAV SINR performance for
various schemes under different system parameters (i.e., the
number of UAVs K and the number of channels N ), with
L = 5 radiation sources randomly distributed at the predefined
2D region. It is interesting to note that the proposed AO
Fig. 7: The minimum SINR among all the UAVs versus the
number of radiation sources L for different schemes in the
ACI system when K = 12 and N = 21.
scheme achieve higher minimum SINR than that of baseline
2 and 3, and the performance gain become more substantial
when the number of UAVs served decreases or the number of
available communication channels increases.
In Fig. 7, we compare the minimum SINR among all the
UAVs versus the number of radiation sources L for different
schemes when K = 12 and N = 21. We observe that the
best minimum SINR performance among all the UAVs in a
swarm is achieved by the upper bound scheme, followed by the
proposed AO scheme. In addition, as more radiation sources
are randomly generated in the network, the gap between
the proposed AO scheme and the performance upper bound
vanishes. This is because besides the EI arising from the
radiation sources, the ACI also significantly affects the quality
of communication links between UAVs and the GCU in the
small and moderate L regime. Furthermore, the performance
of baselines 2 and 3 is inferior to that of the proposed AO
scheme due to the ineffective channel assignment strategies.
Last, the proposed AO scheme is observed to gradually ap-
proach the performance upper bound when L is large, which
implies that the proposed scheme can achieve a near-optimal
performance in the interference-infested radio environment.
Finally, we turn to investigate the impact of the sub-task
weight factor on the SINR performance of each UAV. Note
that different from the conventional weight factor in most of
the existing works, in this paper a smaller value of αk stands
for a higher priority of the corresponding sub-task instead.
To avoid any potential ambiguity, we hereby let βk , α−1k
be the priority coefficient of the subtask performed by the k-
th UAV. Fig. 8 depicts the SINR performance of each UAV
versus the associated priority coefficient βk for the proposed
AO algorithm with K = 12, N = 25, and L = 5. We
Fig. 8: The impact of priority coefficients on the SINR
performance of each UAV.
can observe that the SINR of each UAV is proportional to
the value of priority coefficient βk, which indicates that the
UAV performing a more urgent subtask would be allotted with
more favorable radio resources in the proposed AO algorithm.
These results also demonstrate the efficiency of the proposed
AO algorithm in handling different scenarios for task urgency
(i.e., priority coefficient βk) and its ability to strike a better
balance among the UAVs in a swarm, thereby endowing added
flexibility to the multi-UAV network.
VI. CONCLUSION
This paper studied the performance of a GCU-to-UAV
uplink communication system. To support reliable communi-
cation while effectively reducing the impact of ACI and EI,
we proposed a priority-based resource coordination scheme,
where the channel assignment and power allocation are jointly
optimized to maximize the minimum SINR among multiple
UAVs. According to the intensity of ACI, we consider the
corresponding problem in two scenarios, i.e., Null-ACI and
ACI systems. By exploring the particular problem structure in
Null-ACI case, we recast the formulation into an equivalent
yet more tractable assignment problem and obtain the global
optimal solution via Hungarian algorithm, which reveals the
performance upper bound of communication system. For gen-
eral ACI systems, we proposed an efficient iterative algorithm
for its solution based on smooth approximation and alternating
optimization methods. Extensive simulation results demon-
strate that the proposed algorithms can significantly enhance
the minimum SINR among all the UAVs as compared to the
existing solutions and adapt the allocation of communication
resources to diverse mission priority. This paper aimed to shed
more light on the design and performance analysis of the
multi-UAV communication system, which can be extended in
several interesting directions for the future work, including
intelligent trajectory optimization, adaptive resource coordi-
nation, as well as advanced priority-aware design, for both
uplink and downlink transmissions.
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